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Abstract: In this paper, we perform experimental verification of open-loop
motion planning for a biomimetic robotic system using our underwater eel-
like robot. Our results from past work provide theoretical justification for
proposed gaits for forward/backward swimming, circular swimming, side-
ways swimming and turning in place. We have developed a five-link, un-
derwater eel-like robot focusing on modularity, reliability and rapid pro-
totyping, to verify our theoretical predictions. Results from experiments
performed with this robot using visual position sensing in an aquatic envi-
ronment show good agreement with theory.

1. Introduction and Background

Mobile robots continue to challenge researchers with new applications in a va-
riety of environments. Of recent interest has been the application of robotic
technology to underwater exploration, monitoring, and surveillance. In this pa-
per, we explore the modeling, simulation, and design of controllers for snake-like
robotic systems capable of both crawling overland and underwater swimming.

In recent research, biomimetic (biologically based) approaches to under-
water locomotion have been pursued. The biomimetic approach to locomotion
systems has several potential advantages, including increased underwater effi-
ciency and agility. Recent research has explored various size ranges of robots,
including the RoboTuna [15], and smaller fish-like projects [2, 5]. Less work
has been done in the area of anguilliform (eel-like) locomotion, though re-
cently Ekeberg [11] has simulated the motion of such systems when controlled
by biologically based neural networks.

A central issue in studying mobile robots is how to enable a robot to move
from one location to another, the motion planning problem. There is an
extensive literature on motion planning [1, 7], though the vast majority has
focused on kinematic systems in which the robot’s motion can be described by
a differential equation that is linear in the inputs, e.g., nonholonomic, car-like
robots. More recently, however, researchers have begun to explore algorithms
for developing the motion plans for robots with more complex governing equa-
tions, for example, in flexible part handling [4] or mobile manipulators with
dynamics [12, 14, 16]

Our interest in this area has emerged from the study of underactuated
dynamic mobile robots, ranging from the snakeboard [13] to a vision-guided
blimp [17] to an anguilliform (eel-like) robot [8, 10], discussed in this paper.



In prior work, we have presented a proposed solution to the motion planning
problem for the anguilliform robot. We use a geometric analysis of the dy-
namics of the robotic system to determine gaits for momentum generation [9],
and a sampled feedback/feedforward approach to perform closed-loop steering
control [10]. In this work, we verify our open-loop approach to momentum
generation with our robotic eel using visual feedback to extract position infor-
mation in an aquatic environment, and compare results from the robotic system
to our simulated dynamic model. We present gaits for forward/backward and
circular swimming, as well as novel gaits for sideways swimming and turning
in place which were predicted in [9]. We also propose a simple extension to
our open-loop system that will allow verification of our closed-loop steering
control and accomplish full motion planning in the plane for the underwater,
anguilliform robot.

2. Mathematical Model and Gait Selection

In [8], we studied anguilliform locomotion using a simplified physical model of
a snake (we use the term “snake” interchangeably with “eel”) to be used as a
platform to test various locomotive gaits (see also [11]). We model the snake
as a planar, serial chain of identical links with mass m, length 2d, and inertia
J. We assume full control of the internal shape of the snake (the joint angles
¢;) which allows us to solve the dynamic equations in terms of the unknown
configuration variables (z,y, §)— the position and orientation of the middle link.
The mechanical robot used in this work is a five link model. It is advantageous
to choose an odd number of links to gain symmetry about the central link.
Figure 1(A) shows the three link case.

Figure 1. (a) Model of snake, (b) Forces and torques on link i, (¢) The REEL
IT eel robot.

2.1. Friction Models

The crucial elements in this model are the drag force terms, which generate
the locomotion. To simulate the forces in the water, we adopt a simple fluid
mechanical model. We assume that the Reynolds number is high enough that
inertial forces dominate over viscous effects—a reasonable approximation for
smooth bodies in water. We also assume that the fluid is stationary, so the
force of the fluid on a given link is due only to the motion of that link. The
pressure differential created by an object moving in a fluid causes a drag force
opposing the motion. Under the assumptions above, the drag force developed
takes the form F oc p,v?. Here, v is the forward speed of the link and p,, is a
drag coeflicient for the water, determined by the formula p,, = pAC/2, where
A is the effective area of the object, p is the density of water, and C is a shape
coeflicient.

In our simulations, we assume that pressure differentials in the directions



parallel to the moving body are decoupled from pressure differentials perpen-
dicular to the body, to yield:

Fif = —posgn(v;) - (vf)? (1)

where v;" is the projection of the vector (%;, ;) along a direction perpendicular
to the link. We exclude drag forces parallel to the link because they were
determined in simulation to have negligible effects. The discontinuity in sgn(v)
means that this expression is not tractable for use in calculations. Therefore,
in our analytical derivations we use an approximation to this function, which
turns out to be linear in v:

Fapprox = ,U/UJ_ (2)

where p is defined by a least squares fit over a small range around v = 0. We
also note that this force model can be interpreted as a viscous damping model,
as might be encountered with a snake moving over soft sand.

2.2. Equations of Motion

The derivation of the system of equations governing the time evolution of the
system momentum is involved, and presented in detail elsewhere [8]. We present
a brief synopsis here.

The system state is governed by the time-evolution of the (body-
referenced) velocity vector £, which describes forward, sideways and turning
velocities, and by the time-evolution of the generalized momentum vector p
of momentum in the three body-referenced dimensions. Starting from the La-
grangian formulation of the equations of motion and taking advantage of the
invariance of the system with respect to changes in position and orientation,
we are able to express the equations of motion by:

¢ = —A(r)i +IY(r)p, 3)
p = 7"T0r'r' (r)r + pTUpr' (r)r + PTUpp(T)p + 7 (4)

where A, I, 0;, opr and o, depend on the system geometry. Using the force
approximation given in Equation 2, the external forces 7 can be expressed:

i = a(r)ip; +n(r);e (5)

2.3. Perturbation Analysis

In order to gait some insight into the effect of gait selection on the time evo-
lution of the momentum, we use a perturbation approach, making the assum-
tion that the joint angles vary sinusoidally around some initial value. We set
ri(t) = r) + eri(t) (introducing a scaling parameter €) in Equation 5, and
solve for the momentum in ascending orders of € (p; = pio + €pi1 + €2pi2 + -..)
using Equation 4. With the assumption that p(0) = 0, we see immediately
that p;o = 0 for all time. We can also show that p;; will have zero average
using cyclic inputs. We conclude that, to second order in € the momentum is
dominated by:

Diz = 04(7‘0)1:17]2 + T{/‘«?(To)ijkf”f (6)



where the tensor ki, = %’L"}“ has been introduced. (Other terms appear in this

equation—for example, a term of the form g—‘jplrl, but their affect was deter-
mined to be negligible using numerical solution of the equation, so they have
been ignored.) This is a simple, first-order dynamic equation, parametrized
by the gait parameter rq. Using this equation, we are able to propose gait
selection criteria for the eel.

2.4. Gait Selection Criteria

Equation 6 allows us to select appropriate gait waveforms to accomplish arbi-
trary maneuvers in the water. The a and k tensors, affected by the choice of
r?, determines the coupling between momenta in the three planar dimensions.
By careful choice of gait inputs, we can decouple forward motion, sideways
motion and rotary motion, or couple them to accomplish, for example, circular
trajectories.

We limit our attention to travelling wave gaits of the form:

ri(t) = esin(wt + A(i)ds) + B(i) dofrs (7)

for some amplitude ¢, frequency w, phase-shift ¢, and turning offset ¢ons (the
functions A(7) and B(i) are link-dependent parameters controlling phasing and
steering offset). Even using this simple, restricted gait model, we are able to
accomplish the following modes of locomotion:

e Forward motion, using A(i) = —i and ¢oss = 0 as above.
e Backward motion, using A(7) = i and ¢oss = 0.

e Circular motion, forwards or backwards, using @oms 7 0. The sign of @ogs
will determine the direction of the turn, and the turning radius will be
inversely related to its magnitude.

o Sideways motion, using A > 0 for i < N/2, A< 0fori > N/2, B >0
for i < N/2 and B > 0 for i > N/2. (Pairs of signs may be reversed, to
change direction).

e Turning in place, using A > 0 for i < N/2, A< O0fori > N/2, B >0
for i < N/2 and B < 0 for ¢ > N/2. (Pairs of signs may be reversed, to
change direction).

3. Robot Design and Experimental Setup

In [8] we presented the design of the REEL (Robotic EEL), a radio controlled
robot used to perform preliminary, qualititative verification of our control algo-
rithm. The REEL consisted of four identical links, and used a rubber tube as
its waterproof “skin”. In this work, we developed a second generation version of
this robot (the REEL II-see Figure 1), which addressed some difficulties in the
first design and has performed admirably in experimental testing. The rubber
“skin” used in the original design was determined to be inappropriate, since re-
placement of a malfunctioning part (or discharged battery) required removal of
the entire skin—a difficult procedure. The use of external skin as a waterproof-
ing agent is also a poor choice. The skin must have a re-sealable opening (to
allow access for maintenance), which becomes a point of failure since re-sealing



is often done haphazardly, especially during field trials. Finally, it is difficult
to find waterproof materials which are flexible enough to permit shape changes
without resistance, but rigid enough to hold a hydrodyamic cross-section.

The solution adopted in REEL II (see Figure 1) was to design plastic links
in the shape of elliptical cylinders (rounded nose cones were attached to the
head and tail links to achieve a streamlined hydrodynamic profile). We man-
ufactured these links using a fused deposition modeling (FDM) machine. The
electronic parts (servo-motors, radio receiver and battery) were individually,
permanently waterproofed using an epoxy resin sealant. A waterproof connec-
tor capable of “wet” insertion was used for the power supply connection, to
enable easy battery replacement in the field. Because our links are made of in-
terchangeable, identical parts, we have a robust, modular design for the robot.
During testing, the robot was dropped, breaking one of the servo-motors. The
motor was replaced without any modifications being needed to the rest of the
robot.

The robot shape is radio-controlled. A PC ground station calculates the
shape variables (joint angles), which are transmitted using an off-the-shelf radio
controller to a receiver in the nose of the robot. The joint actuators are position
controlled, medium-torque servo-motors with a specified maximum angular ve-
locity of 315°/sec, and an maximum angular velocity in water (observed) of
45°/ sec, which enables 0.5 Hz operation for the robot. The robot operates for
approximately 20 minutes using a 600mAh battery.

4. Experimental Results and Analysis
4.1. Visual position sensing

We perform our open-loop experiments using a fixed, digital camera to record
the behaviour of the robot in a pool of still water. Image processing is performed
off-line, in real-time using the Matrox Imagining Library software. We use edge
detection, followed by a closing operation to locate the robot as a single blob
in the image. The robot’s position and orientation in the image plane are
determined from the centroid and orientation of this blob. Figure 2(a) shows
a sample frame of captured video, and Figure 2(b) shows the post-processed
image used in feature extraction.

Once data is available in the image plane, we are able to extract real-world
coordinates by unwarping the data. We use the position of fixed reference points
in the image to determine the appropriate transformation to yield the robot’s
true position and orientation in the pool.
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Figure 2. Experimental images (a) Raw image. (b) Post-processed image.

Our mathematical model of the eel in water leads to two non-dimensional
parameters that influence the dynamics in water: an inertia parameter,J =



J/md?, and a drag parameter i = pu/m. Using data from one experiment, we
tuned the drag parameter until our simulations matched observed data for all
experiments, except for one case (sideways swimming) which we will describe
below. We can conclude that our friction model has sufficient predictive power
to be used for the development of open loop controls. We also demonstrate
the necessity for feedback, since the match between observed and predicted
open-loop paths is only approximate.

4.2. Forward motion

The first gait we explored is a simple travelling wave gait used for forward
motion. This gait is a discrete approximation to the serpenoid curve, which
Hirose [3] proposed as the true gait used by crawling snakes, and has also been
justified by our perturbation analysis of the dynamics of the eel [9]. We use:

¢i(t) = Asin(wt +id,) (8)

for amplitude A = 7/6, frequency w = 7 and phase shift ¢s = w/3. Our choices
of amplitude and frequency were motivated by physical limits in the robot,
while the choice of phase ¢s; was motivated by our perturbation analysis [9]
which predicted that 60° is the optimal gait phase for a five link snake. To
compare observed data to predictions, we used our full dynamic model with
the quadratic fluid drag approximation introduced in Section 2.1 and tuned the
fluid drag parameter p,,. The best match to observed data was found when
ty = 0.15, which differs from the theoretical value taken from Ekeberg [11]
(tw = 0.45) but is of the same order of magnitude. Figure 3(a) is a plot
of observed vs. simulated data for 20 seconds using these parameter values.
The path followed by the robot in the water (solid curve) does not display the
oscillations of the simulated data because the vision algorithm samples a center
of mass position, whereas the simulated data is the position of the center of
one link. We also note that the observed path deviates from a straight line.
This justifies our expectation that feedback will be needed to perform true
motion planning for the eel robot—open loop operation is not sufficient to
follow planned trajectories.
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Figure 3. Simulated and experimental data for the (a)forward and (b) circular
drive gaits. Simulated data is shown dashed, and experimental data solid.

4.3. Circular paths

We next explored our proposed gait for circular motion. The circular gait is
another travelling wave gait, with a steering offset introduced to create a bias in



the momentum generated during each cycle. We had qualitative justification
of this gait in our experiments with the original REEL I robot, as well as
theoretical justification in our perturbation analysis of the dynamics of the
eel [9]. The joint angles ¢; take the form:

¢i (t) =A Sin(Wt + l¢s) + ¢0ffs (9)

for amplitude A = /6, frequency w = 7 and phase shift ¢; = 7/3 and offset
dots = m/12. Our choices of amplitude, frequency and offset were motivated
by physical limits in the robot, while the choice of phase ¢, was motivated
by our perturbation analysis as in Section 4.2. We compared observed data
to predicted data using our full dynamic model with the quadratic fluid drag
approximation and the p,, parameter as tuned in our forward gait experiment.
Figure 3(b) is a plot of observed versus simulated data for approximately 40
seconds using these parameter values. As in the case of forward swimming, the
actual path deviates from a perfect circle, however the robot follows a closed
elliptical path with only minor eccentricity, validating our choice of circular
turning gait.

4.4. Turning in place
The third gait tested was a novel gait, predicted by our perturbation analysis
(see Section 2.3) for turning in place. This gait essentially consists of two
reinforcing travelling waves propagating outwards from the central link.

In this case, we use joint angles of the following form:

_ Asin(wt — (N/2 —i)ps) — dosis 1 < i < N/2
¢ = Asin(wt — (i — 1 — N/2)¢s) + dois N/2<i < N

for N = 4, the number of joints, for amplitude A = 7/6, frequency w = =
and phase shift ¢, = 7/2 and offset goss = 7/12. Our choices of amplitude,
frequency and offset were motivated by physical limits in the robot, while
the choice of phase ¢; was motivated by our perturbation analysis [9] which
predicted that 90° is the optimal gait phase for a three-link snake. (The turn-
in-place gait can be viewed as two three-link snakes connected at the tail,
each attempting to turn in the same direction.) We compared observed data
to predicted data using our full dynamic model with the quadratic fluid drag
approximation and the p,, parameter as tuned in our forward gait experiment
(see Section 4.2). Figure 4(a) is a plot of observed versus simulated orientation
for 20 seconds using these parameter values. Figure 4(b) plots observed robot
position versus time for the same 20 seconds, to show that the robot is not
moving.
4.5. Sideways swimming
The final gait tested in our experiments was another novel gait, predicted by our
perturbation analysis [9] for sideways swimming. This gait essentially consists
of two opposing travelling waves propagating outwards from the central link,
and is reminiscient of the backstroke used by human swimmers.

In this case, we use joint angles of the following form:

._{ ASin(Wt_(N/2_7:)¢s)+¢offsISiSN/2
P =\ Asin(wt—(i— 1 — N/2)ds) + doms N/2<i < N
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Figure 4. (a)Simulated and experimental data for the turn in place drive gait.
Simulated data is shown dashed, and experimental data solid. (b)Position data
for the turn in place gait. Note that the robot only drifts a total of 10cm.

for N = 4, the number of joints, for amplitude A = /6, frequency w = 7, phase
shift ¢ = m/2 and offset ¢ops = m/12. Our choices of amplitude, frequency
and offset were motivated by physical limits in the robot, while the choice
of phase ¢; was motivated by our perturbation analysis which predicted that
90° is the optimal gait phase for a three-link snake. (The sideways gait can
be viewed as two three-link snakes connected at the tail, attempting to turn
in opposing directions.) We compared observed data to predicted data using
our full dynamic model with the quadratic fluid drag approximation and the
[y parameter as tuned in our forward gait experiment (see Section 4.2). As
is evident in Figure 5, there is considerable discrepancy in the observed and
predicted behaviour of the robot using this gait. In fact, even attempting to
tune the fluid drag coefficient parameter p,,, we were unable to match our
observed data. We provide a possible explanation below in Section 5.

v (m)

Figure 5. Simulated and experimental data for the sideways gait. Simulated
data is shown dashed, and experimental data solid. Notice that there is a large
discrepancy between predicted and actual performance.

5. Discussion of Experimental Results

In general, our experimental data show good agreement with predictions. Gaits
for forward motion, motion in circular paths and turning in place have been
verified experimentally, and we see that we are able to tune our simulations to
match experimental data simply with modifications to one fluid drag parameter.



Our closed loop control algorithm presented in [10] used a feedforward approach
to improve turning performance by precalculating necessary steering offsets.
Since we are able to tune our simulation to match experimental results, it should
be possible to determine these open-loop steering commands in simulation with
a reasonable expectation of success in closed-loop control.

We have also verified our choice of vision-based position sensing for closed-
loop control. Open-loop motion planning will not suffice in our real-world set-
ting since there are deviations from predicted paths. Visual feedback provides
a cheap position sensor that does not need to be waterproofed. We are able
to capture data in real-time (15 frames/second), which meets our closed-loop
requirements, since our control algorithm [10] is based on averaged sampling
over one gait cycle (0.5Hz).

We observed minor errors in our experimental trajectory. The most likely
sources of these discrepancies is that our simulations are based on an idealized
model of the discrete eel that does not perfectly reflect some of the features
of the robot. We have assumed that the robot is symmetric for modelling and
simulation. In fact, it is not symmetric—the first and last links are approxi-
mately 50% longer than middle links, and the first link is both heavier than
other links (due to the presence of the battery), and has increased drag, due to
the presence of the battery cable which drags outside the link. It is also possible
that small currents exist in the pool due to filtration. Open-loop control will
not correct for such disturbances. Finally, we believe there are infrequent errors
in the radio-communication protocol that lead to “glitches” or “spasms” in the
gait waveform as motors receive discontinuous angular commands. These have
the effect of causing one-time disturbances or “kinks” in the trajectory.

The only major discrepancy between predicted and observed data comes
in the case of the sideways gait. The gait performed considerably better than
expected—robot velocities were almost an order of magnitude higher than pre-
dictions! We are able to propose one possible explanation for this. Our model
and simulations are based on a simple fluid dynamic approach that considers
only drag forces on the links and completely neglects the phenomenon of mo-
mentum shedding and thrust in the wake. Under conditions of a slender body
undergoing small oscillations, this is a reasonable approximation, however in
the case of our proposed sideways gait, these conditions are not met, since the
robot has a very large cross section in the direction of motion and is undergoing
large shape changes. The excess momentum generated is likely caused by some
sort of thrust or wake effect that would have to be modelled by some form of
carangiform (fish-like) swimming [5, 6].

6. Conclusions and Future Work

We have developed an experimental system to evaluate the open-loop per-
formance of a biomimetic, underwater eel-like robot. Using predictions from
theory made in prior work on the analysis of the system dynamics [9], we tested
five drive gaits for various modes of locomotion. Our robot performed well in
these tests, despite some experimental errors due to asymmetry in the robot
implementation. We have a robust, modular robotic design that will be a useful
platform for future experiments.

In future work, we plan to extend our experimental analysis of the system.
In prior work [10], we proposed an algorithm for closed-loop control of the



eel, using visual feedback. We can implement this control scheme in our test
platform with only software modifications. We also plan to add new degrees
of freedom to the robot to enable motion in the vertical dimension, so we will
not be restricted to the plane.
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